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ABSTRACT
As part of an optimized maintenance strategy, track monitoring should provide information to predict
track faults at an early stage. This is possible by continuously measuring the axle box accelerations and
using artificial intelligence, which can detect short wave defects on the railway track with high accu-
racy. Such short wave defects include rail breaks, cracks, and local irregularities (mud spots). These
types of faults can reduce the track quality in a short period of time.

Different track irregularities were simulated in a track-vehicle scale model to generate acceleration
data for typical track defects. The main focus of the current research is on recognition of local irregu-
larities in the track-vehicle scale model. To implement the artificial intelligence, a Recurrent Neural
Network is used to show the procedure and the results of recognition of track defects. The architecture
and components of the neural network used are described in detail in this article. At the end of the
article, a table summarizing the results of the different models trained for detecting the local irregulari-
ties in the track-vehicle scale model is presented.
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1 INTRODUCTION

Due to train traffic and climate factors, the ballast track system is permanently affected. Hence,
this can lead to formation of local irregularities (mud spots) with reduced track stiffness and
degradation of the track geometry. Local irregularities can decrease the track quality in a short
period of time, inducing several negative effects such as accumulation of excess pore water
pressure within the substructure, rising of the underlying fine-grained soil under traffic load
(mud pumping effect), contamination of the ballast bed, reduction of subgrade resistance, and
degradation of track geometry in a longitudinal level (even derailments, in the worst case).

Artificial intelligence is an approach that is becoming very important in different sciences,
including medicine, finance, security, and also, engineering. One of its branches is known as
machine learning, which uses algorithms such as support vector machine, generalized matrix
learning vector quantization or decision trees, and, for the other side, artificial neural network
(ANN).

Detection of local irregularities (mud spots) by signal processing methods was studied in [1].
The following methods were investigated: analyses of typical amplitude ranges, a frequency anal-
ysis (windowed spectral acceleration density), cross correlation, wavelet analysis, and fault
detection based on the classification of peaks by amplitude and wavelength. All these methods
successfully detected the local irregularities at correct positions in the track-vehicle scale model [1].

Additionally, the recognition of track faults in the track-vehicle scale model was investi-
gated in [2] by bagged decision tree algorithms. These simple machine-learning algorithms
can automatically classify the vertical acceleration signal in three classes such as noise, joint/
cracks, and local irregularities (mud spots). In total, three models A, B, and C have been
created. These models have achieved between 84% and 88% accuracy in local irregularity
detection; but to increase this accuracy, this research focuses on a special type of ANN (model
D) for pattern recognition.
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2 TRACK-VEHICLE SCALE MODEL

An oval track-vehicle scale model of 4.04 m track length (scale 1:87) simulates an elevated
railway (see Fig. 1). This model allows to change the elevations of the track due to its spring
screw construction and add track faults with different amplitudes, wavelengths, and twists.
The knowledge about fault types and their characteristics in the real system is still lacking.
However, a track-vehicle scale model represents a big advantage to train models for pattern
recognition because the faults can be easily set and their exact positions and the acceleration
signals are well known [1]. In addition, the physical similarity between the track-vehicle
scale model and the real system was analyzed by dimensional analyses in [1]. The accelera-
tion generated with the track-vehicle scale model was comparable to values for the real
railway system in literature (shape and maximum acceleration). Moreover, the vertical accel-
eration is similar to the real system at the track section with a local irregularity. The
track-vehicle scale model contains four rail joints, two rail cracks, one local irregularity (mud
spot) [3], and the entrance/exit to the bridge. The position of each fault is marked in Fig. 1.

2.1 Simulated track irregularities

The classification of the fault types depends on the wavelength in a longitudinal level. In this
model, the following faults can be detected:

e rail defects such as rail cracks and joints and
o track irregularities with a wavelength between 1 and 25 m, such as cracked sleepers, defect
fastener, hanging sleepers, and local irregularities (mud spots).

The fault types in the track-vehicle scale model and in the real system are shown in [2].
The vehicle continuously gains acceleration, and when it passes a fault, the sensor [5] detects
an increment of the vertical acceleration. The generated signal is used to recognize and clas-
sify different fault types. Every fault type has a standard waveform with specific characteristics
[1]. For example, rail cracks and joints generate high amplitudes, short wavelengths, and two
peaks (vehicle excitation caused by the two axes of the first car). On the other hand, the
entrance and exit to the bridge and the local irregularity (mud spot) generate accelerations
with low amplitudes and large wavelengths.

2.2 Local measurement system
The measurement system in the track-vehicle scale model contains one locomotive and two

cars. The first car carries the battery and the second car has the sensor module which meas-
ures the acceleration data with a sample rate of 500 Hz. To increase the natural frequency of
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Figure 1: Track-vehicle scale model and position of the track defects [3, 4].
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the measuring vehicle and to generate a pumping effect at the track irregularity (mud spot),
extra weight is placed on the car with the sensor module. The vehicle speed is roughly 0.37
m/s while passing the track faults. After finishing each lap, the train always stops at the same
position for about 3 s until another lap starts (Fig. 1, start point) [3]. Due to the absence of a
spring and suspension system at the vehicle, there are no external influences which affect the
measured acceleration data. For this reason, the collected data is equivalent to the axle box
acceleration on a real train [1].

3 ARTIFICIAL NEURAL NETWORK

An ANN is a popular machine learning method which simulates the networked structure of
neurons in the brain, with layers of connected neurons. It is especially suitable for modeling
high-level abstractions in datasets that can be trained to recognize patterns, classify data, and
forecast future events [6]. In this research, model D (created by using ANN) is explained.

To develop new methods for detecting faults in the track-vehicle scale model while using
more data, it is important to apply Recurrent Neural Network (RNN), which is usually used
for pattern recognition.

3.1 Recurrent Neural Network

RNN is designed for sequential data like text sentences or time series [7] where the previous
outputs of hidden neurons are used to generate the response for the current input using a loop
structure. An important point about sequences is that successive data are interdependent.
Therefore, it is helpful to receive a particular input only after the earlier inputs have already
been received and converted into a hidden state [7]. The RNN allows the input to interact
directly with the hidden state created from the inputs at previous time stamps [7].

3.1.1 Long short-term memory

Long short-term memory (LSTM) is a type of RNN which reuses the output from a previous step
as an input for the next step. Like all ANN, the neuron performs a calculation using the inputs
and returns an output value in an RNN. This output is then used along with the next element as
the inputs for the next step and so on [8]. LSTM is designed for applications where the input is
an ordered sequence in which information from earlier in the sequence may be important.

3.2 Architecture

The architecture in this research is similar to the one used by [9]; but instead of having only
six laps as the input, the current network contains several laps as input, and in order to per-
form a non-linear classification for the training data, the ANN contains two LSTM layers
instead of just one: to avoid overfitting, a dropout layer is added — this layer has the effect of
simulating a large number of networks with different ANN structures and, as a result, it
makes neurons in the ANN generally more robust to the inputs [10].

The input data represents sequential measured acceleration in a vertical direction, which is
around 640.000 data points. This input is separated into 10 groups (otherwise, it overloads the
neural network), which will be parallelly fed into the ANN [11].

3.2.1 Hidden layers
A hidden layer in an ANN is a layer in between the input and the output layers, where artifi-
cial neurons take in a set of weighted inputs and produce an output through an activation
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Figure 2: Architecture of the RNN [13].

function. These layers are called ‘hidden’ because their values are not given in the data;
instead, the model must determine which concepts are useful for explaining the relationships
in the observed data [12]. For this case, two layers are used: one for feeding the vertical accel-
erations and one for feeding the labels. The number of units depends on the complexity of the
classification problem. In this case, 100 units are selected from the experience [11].

Finally, eight classes are specified by including a fully connected layer. The number of
output layers is the number of classes the training data should be divided into.

3.2.2 Activation layer
The activation function defines the output of a neuron in terms of a local induced field. It is
described as [1]:

x —>a=f(w#x+b) (1)

where f is the activated function which works with synaptic weights (w) that refer to the
strength of the relative influence of a connection between two neurons which are changed by
using a learning rule. The input (x) here is the vertical acceleration. Also, the bias (b) controls
how the neuron is predisposed to trigger a 1 or O independent of the weights. A high bias
causes the neuron to require a higher input to generate an output of 1. A low bias makes it
easier.

3.2.3 Dropout layer

Dropout is used to improve overfitting on ANN, deactivating randomly a specific percentage
of the neurons, which become more insensitive to other weights, making the model more
robust. Figure 3 shows how the synaptic connection of some neurons is deactivated and the
relation between the impact of this technique and the error rate. If the training error rate is
smaller than the testing error rate, the model is going too deep. This can be unnecessary and
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Figure 3: Deactivation of neurons and optimization of the model by using dropout.

consumes time and memory. The model is optimized when the training and testing error rates
are nearly the same, because it is achieving the main objective and it is not doing additional
tasks [14]. But a high dropout creates an underfitted model, and to avoid this, 20% of dropout
is the recommended value to this layer [15].

3.2.4 Output layer

The Softmax function is generally used in the output layer. It converts every output to be in
the range of 0 and 1, just like the sigmoid function. But it divides each output, so that the total
sum of the outputs gives the probability that a certain class is correctly identified [16].

3.2.5 Hyper-parameter adjustment

This research uses the adaptive moment estimation (ADAM) solver, which performs better
with RNNs like LSTMs than the default stochastic gradient descent with momentum (SGDM)
solver [11]. In addition to the layers, some adjustments should be set. The parameters are
shown in Table 1.

3.3 Labeling

This process is described in detail in [2]. Every sample number has a numerical label from 1
to 8 (see Table 2), which is assigned by executing an automatic classification process. A mov-
ing average filter smoothens out the noisy data of the vertical acceleration signal. With the
calculated absolute values of the vertical accelerations, peaks of the simulated track irregu-
larities are detected automatically when the acceleration is higher than a defined acceleration
threshold and a set distance. After a dataset with the peak position, the maximum acceleration
and the sample distance between two consecutive peaks are generated. A specific sample
range is then designated from the unified peak position. The automatic labeling process
works only for the generated training data. Each lap shows a large similarity and a kind of
periodicity. If the starting point or the direction of vehicle movement is changed, use of the
automatic classification process is no longer possible [2].
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Table 1: Description of the hyper-parameter adjustments [11].

Parameters Description Value

MaxEpochs It allows the network to make several passes 20
through the training data

MiniBatchSize It directs the network to calculate a specific train- 120
ing signal at a time

InitialLearnRate It helps speed up the training process; in the case  0.01
of 0.001, the network learns too slowly and the
loss is higher

SequencelLength It breaks the signal into smaller pieces, so that the 500
machine does not run out of memory by looking
at too much data at one time

GradientThreshold It stabilizes the training process by preventing 1
gradients from getting too large

Plots It generates plots that show a graphic of the train-  “Training-
ing progress as the number of iterations increases  progress’

Verbose It suppresses the table output that corresponds to  false
the data shown in the plot

3.4 Training data

There are pre-existing trained data which are obtained by doing six tests using the highest
speed (0.37 m/s) and stopping momentarily after the eighth fault (see Fig. 1). In total, there
are 61 laps with the same sequence of faults; but to train the RNN, the original signal is mod-
ified to make the process more effective. Therefore, the starting point of each lap is randomly
selected in order to make the fault sequence partially disappear. This is repeated three times
to extract 183 laps from the original 61 laps. Additionally, the full original signal is mirrored
to simulate a change of direction and the starting points of each lap are randomly selected
three times. In total, the training data has 366 labeled laps without sequences with several
starting points and in both directions.

It is important to mention that the collected data is not filtered as part of the future work of.

3.5 Testing data

The RNN is tested with 14 tests, with 6 of them having the same configuration as the training
data and 8 with some basic changes in the starting point, speed, stopping process, and direc-
tion. To use these tests like training data, each sample number is labeled from 1 to 8 according
to a specific class as it is shown in Table 3. These 14 tests were also used to test the simple
machine learning models A, B, and C.

4 DETECTION OF THE LOCAL IRREGULARITY (MUD SPOT)
The RNN (model D) achieves good results. The plots show that all the 61 laps are classified
into the eight classes presented in Table 3, as shown in Fig. 4. This is a bulleted list.
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Table 2: Description of the labeled acceleration data for the models A, B, C, and D.

Bagged Decision Trees Recurrent Neural Network Fault
Model Model numbered
in Fig. 1
A B C D
Label Label
Class Class
1 Acceleration of the vehicle -
2 Braking of the vehicle -—-
1 Noise
3 No fault (train moving) -—-
4 No fault (train stopping) -—-
5 Rail crack 4 and 8
) Joint, crack 6 Rail joint 1,2, 2 ,and
7 Entrance/exit to the bridge 7
3 Local instability 8 Local irregularity (mud spot) 3
15

classification
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Figure 4: Detection of different classes by RNN.

4.1 Comparison of model D with the simple machine learning models A, B, and C (Bagged
Decision Trees)

In most of the cases, the predictions are right; but there are some specific cases where the
predictions fail. Figure 5 shows that the results of RNN (model D) are better in tests 1-6 than
the models A, B, and C (Bagged Decision Trees), and even when the average accuracy of
model D is lower, it is close to the accuracy of the other models and it is able to classify not



S. Bahamon-Blanco, et al., Int. J. Comp. Meth. and Exp. Meas., Vol. 8, No. 3 (2020) 277

Models

A B mmC mmD - average
. 100%
= sop of o7% eo% °F %0 ss%  78%
L 80% 2
@ =
> =
o 60% =
= £
- =
o =
T 40% £
a =
L 20% =
=
&
o 0% =
o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 average

without partially change of
. stopping . stopping direction
imilar as training ifferent
starting point low speed

Test scenarios [-]

Figure 5: Comparison of the accuracy of each trained model for the tests 1-14.

just three classes, but eight, as shown in Table 2. Also, while the simple machine learning
models achieve an accuracy of local irregularities detection between 84% and 88% [10] and
model D (RNN) achieves 97%. The accuracy of the models is calculated based on the correct
predictions divided by the sum of the actual number of local irregularities and the wrong
detections:

Positive Predictive Value = Correct *100 [%] (2)
(Expected + Wrong)

The most challenging tests to classify correctly, according to the machine learning models,
are the tests 7,9, 11, 12, and 14 because they have a specific configuration that differs some-
how from the training data. Nevertheless, the RNN can classify almost all the tests without
wrong predictions, except test 14 which is running in a different direction.

5 CLASSES RECOGNITION
The positive predicted values for model D are shown in Fig. 6. It shows that the classes with
higher accuracy are the entrance/exit to the bridge, local irregularities (mud spots), rail crack,
and joint. Class 1 (acceleration of the vehicle) has a good performance except when the train
does not stop in every lap (test 10), when the train is moving with a slow speed (tests 11 and
12), and also when the sensor module is pulling the vehicle (test 14). Class 2 (braking of the
vehicle) is always detected after the eighth fault, even when the train is not stopping in every
lap (test 7), when it is not stopping in the starting point position, for example, for test 1 (tests
8 and 9), and when the sensor module is pulling the vehicle (test 14). The detection of the
entrance and exit of the bridge is generally good, but in tests 13 and 14, this class 7 is wrongly
detected most of the time. Class 8 (local irregularity) in sum achieves a good result. Only two
incomplete predictions were done in tests 11 and 12 (with slow speed) and three wrong
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Figure 6: Class recognition of model D.

predictions in test 14. The detection of class 5 (rail crack) is always good; but in several cases,
the joint is classified as a crack. Class 6 (rail joint) also achieves good results, except in tests
12 and 14 because of a slow speed and the direction of the sensor module. Class 3 (train
moving) is perfectly detected, but it is an expected result because the amplitude of the signal
is nearly constant. Class 4 (train stopping) achieves good results; but sometimes, the very
slow speed is classified as train stopping. It is clearly observed in the test with slow speed
(tests 11 and 12).

6 CONCLUSIONS
In this paper was presented a track-vehicle scale model for the simulation of typical track
faults. The characteristics of a local irregularity (mud spot) were described and generated in
the track-vehicle scale model. The goal was the recognition of the mud spot by continuous
measured vertical acceleration in combination with RNN. Finally, the results of pattern rec-
ognition achieved by simple machine learning algorithms (Bagged Decision Trees) and RNN
were compared.

The acceleration signal generated by the local irregularity (mud spot) has low amplitudes,
and is therefore quite similar to the signal noise. Hence, recognition of the local irregularity
(mud spot) is not always successful with signal processing methods like, for example, a nor-
malized cross correlation or wavelet analysis, especially in cases in which the vehicle speed
or moving direction changes. In contrast, the machine learning algorithms can achieve good
results on alteration changed conditions, detecting the local irregularity (mud spots) in the
track-vehicle scale model. With the Bagged Decision Trees method, the fault recognition is
limited to three classes. In comparison, the RNN can improve the accuracy of the previous
models of Bagged Decision Trees. The local irregularity of the 14 testing data is detected
with 97% accuracy with the RNN (model D). Overall, this is much better than 84% and 88%
achieved in previous studies with the Bagged Decision Trees method (models A, B, C) [2].

Training data of the RNN is more complex than the ones used to train the models with
Bagged Decision Trees because the acceleration signal is shuffled to strengthen the training
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conditions. The RNN is able to classify any sample number, independent of the conditions
around.

Figure 5 shows clearly that the first six tests, with similar characteristics of the training
data, present the highest accuracy. It can also be observed in Fig. 5 that the speed of the vehi-
cle influences the acceleration data, and therefore recognition of the track defects. The worst
values of the accuracy belong to the tests 7, 11, and 12. These tests have a variation in speed,
which affects the amplitude of the vertical acceleration at track fault positions.

The RNN is a simple network with four layers: input, two LSTM, and output. Even when
the RNN is trained with test data that differs from some of the testing data, the predictions are
good. For future research, the RNN will be trained with different configurations, varying, for
example, the vehicle direction, speed, the position of the sensor module, and the starting
point of the measuring vehicle. The variation of the conditions will improve the model and
the predictions will be more accurate. To find a better accuracy of the RNN, the settings of
the layers will also be optimized in future work.
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